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Abstract

The SMILES (simplified molecular input line entry system) nomenclature was used to elucidate the molecular structure in constructing the
quantitative structure—property/activity relationships (QSPR/QSAR) for predicting quail toxicity after oral exposure. The presence of chemical
elements in different electronic states (e.g., C, ¢, O, o, Cl, Br, etc.) and of different covalent bonds (i.e., —,=, and #) was used as local invariants.
Combinations of different presence/absence codes for local features of the SMILES were used as global invariants. The statistical characteristics
of this model are n =97, 2= 0.755, s =0.445, F = 293 (training set); n = 18, 2 =0731, s= 0.587, F =43 (test set).
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1. Introduction

Predicting ecotoxicity is an important issue from the chem-
ical, biochemical, agricultural, and ecological points of view.
There are a number of investigations on quantitative struc-
ture—property/activity relationships (QSPR/QSAR) modelling
of fish [1,2], Daphnia magna [3,4], bee [5], mouse and rats [6].
Few articles, on bird toxicity, contain models based on the mo-
lecular architecture of substances [7,8]. The limited amount of
data on bird toxicity contributes to this situation, making more
difficult the task of QSAR modelling for birds.

The aim of the present investigation was to estimate the
utility of optimal descriptors calculated with the SMILES
nomenclature [9,10] in QSAR analysis of data on quail oral
toxicity. Toxicity towards birds is used to assess the impact
of the pesticides on terrestrial animals, which may be exposed
to the pesticide. In the case of oral toxicity study, the test sub-
stance is administered as a single oral dose either by gavage or
capsule [11]. Vice versa, in the case of dietary studies, the
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administration is through the diet. Within the EC funded pro-
ject DEMETRA [12] we found a relatively low correlation
(* = 0.6) between the toxicity values reported in the two cases
for the pesticides taken into consideration. This difference
may be due to the result of several causes of course natural
variability, but in addition issues related to the specificity of
the test. In the case of dietary study, the animal can avoid
food, while for oral studies it is obliged to eat. However, after
a while the animal can throw up the administered chemical.
Oral study is performed through a single administration of
the chemical, while dietary lasts longer. In this case there
may be also stability problems of the chemical in the feed.
For all these reasons the two tests were studied separately.

1.1. Toxicity data

As endpoint we used the decimal logarithm log(1/C),
where C is the concentration, in mmol/kg, expressed as
LCs50-96h, which is the dose that kills 50% of quails in 96 h.
The pesticides were administered orally. The data set contains
various pesticides which is a complex case. Brian Montague
kindly provided the toxicity data for bird quail oral exposure
from the US EPA-OPP. Toxicity values were collected and
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compared with the BBA database, as described in Ref. [13], in
order to use the most reliable data in case of multiple values
and to eliminate compounds in case of disagreement between
values. Indeed, it is quite common that for the same compound
more than one value is reported, in the EPA-OPP database, or
by comparing data between BBA and EPA. If the toxicity
values varied by a factor of more than 4, we eliminated the
compounds. We obtained a data set of 115 pesticides which
were sorted on the basis of toxicity values, and split into
a training (n =96) and test set (n =19) using one molecule
out of six for the test set.

2. Method

The optimal descriptor [14,15] for the model toxicity has
been defined as

DCW = DCW (SMILES;) = CW (GI;) - IT}_ ,CW(LI) (1)

where GI; is a global SMILES invariant for the jth compound
(scheme of constructing the Gl is shown in Table 1), CW(GI,)
is the correlation weight of the GIj; LI, is a local SMILES in-
variant (e.g., C, ¢, N, n,..., =, #,..., C=C, [N+], etc.) and
CW(LI,) is the correlation weight of the LI;; N is the number
of local invariants in the jth SMILES. The SMILES invariants
are detected by hierarchy: firstly selection of a four-character
fragment ([O—], [Sn]), then, secondly, a three-character frag-
ment (C=C, C#C), thirdly, a two-character fragment (ClI,
Br), and finally all remaining characters.

The correlation coefficient between the DCW(SMILES)
and log(1/C) is a mathematical function of the CWs and can
be expressed as

R(DCW (SMILES;), log(1/C;))
= F(CW(GI)), {CW(LL,),CW(LL),....,CW(LL,)}) (2)

The Monte Carlo method can be used to calculate the nu-
merical values of the CW*(GIy), {CW*(LI;), CW*(LI,),...,
CW#*(LIy)} which produce as large as possible value of
R(DCW(SMILES)), log(1/C;)) on a training set. With the
values of the CW*(GI), {CW*(LIL), CW*LL),...,
CW*(LIy)}, one can define the toxicity model, by the least
squares method, as

Log(1/C)=Cy+ C;-DCW (3)

The predictive ability of this model can be estimated with
an external test set, containing compounds never used to build
up the model.

Table 2

Statistical characteristics of OCWLGI models for training and test sets

LimNI Probe Training set, n =96 Test set, n=19 A B
no. ” s F ” s F

0 1 0.8560 0.3421 559 0.4691 0.7658 15 67 O
2 0.8577 0.3401 566 0.4512 0.7813 14
3 0.8568 0.3412 562 0.4433 0.7846 14

1 1 0.8168 0.3859 419 0.4292 0.7939 13 45 22
2 0.8144 03884 412 04514 0.7804 14
3 0.8159 0.3869 417 0.4374 0.7881 13

2 1 0.8041 0.3990 386 0.4572 0.7716 14 33 34
2 0.8024 0.4008 382 0.4512 0.7695 14
3 0.8029 0.4003 383 0.4621 0.7642 15

3 1 0.7879 0.4153 349 05002 0.7330 17 30 37
2 0.7879 0.4152 349 0.4964 0.7350 17
3 0.7858 0.4173 345 0.5151 0.7207 18

4 1 0.7823 04206 338 0.6135 0.6677 27 27 40
2 0.7824 04206 338 0.6132 0.6683 27
3 0.7810 04220 335 0.6080 0.6702 26

5 1 0.7048 0.4899 224 04783 0.7789 16 26 41
2 0.7038 0.4907 223 0.4914 0.7707 16
3 0.7030 0.4913 223 0.4926 0.7707 17

6 1 0.6922 05002 211 03060 0.8821 7 25 42
2 0.6925 0.5000 212 0.3035 0.8830 7
3 0.6923 0.5001 212 0.3088 0.8799 8

7 1 0.5879 0.5788 134 03296 0.8675 8 23 44
2 0.5880 0.5787 134 0.3314 0.8669 8
3 0.5880 0.5787 134 0.3282 0.8684 8

8 1 0.5834 0.5820 132 03375 0.8601 9 21 46
2 0.5829 0.5823 131 0.3296 0.8628 8
3 0.5835 0.5819 132 0.3363 0.8601 9

9 1 0.5467 0.6070 113 0.4549 0.8073 14 19 48
2 0.5459 0.6076 113 0.4407 0.8110 13
3 0.5453 0.6080 113 0.4377 0.8127 13

The r, s, and F are correlation coefficient, standard error, and Fisher F-ratio,
respectively. A and B are the numbers of active and blocked SMILES
invariants. Values in italic show the probes with highest statistical results on
the test set.

3. Results and discussion

The statistical characteristics of models obtained in three
attempts (probes 1, 2, and 3) at optimisation, without any dis-
crimination of SMILES invariants, are shown in Table 2. The
statistical characteristics of the models (without discrimina-
tion) on all three attempts for the training set are satisfactory
but not for the test set.

Clearly, if an invariant is present only once in the training
set it cannot provide sound information for the external set.
Generally, a rare invariant (appearing in the training set
once, twice,..., N < LimNI) should be blocked since it can
cause overtraining; this happens, when the model shows
good performances on the training set but not on the test set.
If an invariant is rare, we prefer to block its CW. When

Table 1

Calculation of global SMILES invariants

Position in GI; 2 3 4 5 7 8 9 10 11 12
SMILES LI, 0,0 N, n F Cl I S,s Pp ( = #

The first character is defined as ‘&’. If in a given SMILES, an LI, is present, then in the relevant GI, position 1 will appear, otherwise 0. For instance, If jth SMILES

is “CIC=CCCI”, then GI; is &00010000010.
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Table 3
SMILES invariants, their correlation weights (CWs) on three probes of the
Monte Carlo method optimisation, and numbers of each invariant in the train-
ing set

SMILES CW of CW of CW of Number in
invariant probe 1 probe 2 probe 3 the training set
S 1.0000000  1.0000000  1.0000000 2
N 0.6840241  0.6844927  0.6806766 38
C 1.0168545  1.0214992  1.0148354 448
[Sn] 1.0000000  1.0000000  1.0000000 1
[O—] 1.3032790  1.2291084  1.3679146 15
[N+] 1.3266275  1.4001033  1.2702415 15
S 0.7114531  0.7124271  0.7211745 34
P 1.0000000  1.0000000  1.0000000 2
S=P 2.8073151  2.8056893  2.7431688 15
O 1.1060228  1.1051722  1.1014493 127
N 0.8785108  0.8803765  0.8876252 82
0=S 1.0000000  1.0000000  1.0000000 4
O=P 3.1612473  3.1783571  3.0706878 6
N=N 1.0000000  1.0000000  1.0000000 1
N=C 1.5079651  1.5001250  1.4555279 11
N#C 1.0000000  1.0000000  1.0000000 4
F 1.0698412  1.0687115  1.0564752 58
Cl 1.0525382  1.0570273  1.0437316 91
Br 2.2338355  2.2486664  2.1991777 7
C 1.0698245  1.0710391 1.0676313 510
C=0 0.6384422  0.6489776  0.6471021 33
C=C 0.8413260  0.8582418  0.8534222 8
= 0.8609814  0.8641075  0.8519180 15
C#C 1.0000000  1.0000000  1.0000000 2
= 0.4204617  0.4164500  0.4149140 39
3 1.0000000  1.0000000  1.0000000 4
2 1.3966197  1.3892871  1.3890431 24
1 0.9389577  0.9275551  0.9376545 208
( 1.0202734  1.0211414  1.0263371 782
&11110000111  1.0000000  1.0000000  1.0000000 1
&11110000110  1.0000000  1.0000000  1.0000000 2
&11101000110  1.0000000  1.0000000  1.0000000 1
&11100010110  1.0000000  1.0000000  1.0000000 2
&11011000110  1.0000000  1.0000000  1.0000000 1
&11010011110  1.0000000  1.0000000  1.0000000 1
&11010010110  1.0000000  1.0000000  1.0000000 2
&11010010100  1.0000000  1.0000000  1.0000000 1
&11010000110  1.3475243  1.3618186  1.3344531 11
&11010000111  1.0000000  1.0000000  1.0000000 1
&11010000100  1.0000000  1.0000000  1.0000000 2
&11001000111 1.0000000  1.0000000  1.0000000 1
&11000011110 22434220  2.2821193  2.2032739 9
&11000010110  6.9107925  7.0487469  6.7170762 5
&11000010100  1.0000000  1.0000000  1.0000000 1
&11000000110  3.0816398  3.1090549  3.0010010 9
&11000000100  1.0000000  1.0000000  1.0000000 2
&10100010110  1.0000000  1.0000000  1.0000000 1
&10010011110  1.0000000  1.0000000  1.0000000 1
&10010010110  1.0000000  1.0000000  1.0000000 2
&10010001110  1.0000000  1.0000000  1.0000000 2
&10010000110  1.0592000  1.0363379  1.0219681 7
&10010000100  1.0000000  1.0000000  1.0000000 3
&10000011110  1.9362166  1.9490492  1.8749208 8
&10000000111  1.0000000  1.0000000  1.0000000 1
&10000000110  1.0000000  1.0000000  1.0000000 2
&01100000110  1.0000000  1.0000000  1.0000000 1
&01010000110  1.0000000  1.0000000  1.0000000 2
&01010000100  1.0000000  1.0000000  1.0000000 1
&01010000101 1.0000000  1.0000000  1.0000000 1
&01000010100  1.0000000  1.0000000  1.0000000 1
&01000010011 1.0000000  1.0000000  1.0000000 1

Table 3 (continued)

SMILES CW of CW of CW of Number in
invariant probe 1 probe 2 probe 3 the training set
&01000000110  1.0000000  1.0000000  1.0000000 3
&01000000100  1.0000000  1.0000000  1.0000000 3
&00010000100  1.0000000  1.0000000  1.0000000 1
&00010000010  1.0000000  1.0000000  1.0000000 1
&00001000000  1.0000000  1.0000000  1.0000000 1
&00000000100  1.0000000  1.0000000  1.0000000 1

These models were calculated with LimNI = 4.

“CW(x) is blocked”, CW(x) is always equal to 1.0, i.e., it does
not change the descriptor calculated with Eq. (1).

Previous QSAR studies based on the optimisation of corre-
lation weights of local and global graph invariants (OCWLGI)
did not take into account [12,13] the number of a given invari-
ant in the training set. We evaluated the best limitation
(LimNI) of the number of a given invariant in the training
set considering the statistical quality of the model for the
test set.

Table 2 shows the results of optimisation with different
LimNI (0—9). The statistical quality of the model on the test

Table 4
Statistical characteristics of OCWLGI models for training and test sets after
placing 4-aminopyridine in the training set

LimNI Probe Training set, n =97 Test set, n=18 A B
no. ” K F ” s F

0 1 0.8564 0.3413 567 0.5338 0.7161 18 68 0
2 0.8574 0.3401 571 0.5336 0.7179 18
3 0.8566 0.3411 568 0.5376 0.7139 19

1 1 0.7904 0.4123 358 0.4868 0.7549 15 45 23
2 0.7906 0.4122 359 0.5121 0.7409 17
3 0.7894 0.4133 356 0.5107 0.7427 17

2 1 0.7763 0.4260 330 0.5251 0.7255 18 33 35
2 0.7782 0.4242 333 0.5300 0.7205 18
3 0.7761 0.4262 329 0.5307 0.7213 18

3 1 0.7617 0.4397 304 0.6161 0.6559 26 30 38
2 0.7627 0.4388 305 0.5815 0.6794 22
3 0.7615 0.4399 303 0.5975 0.6737 24

4 1 0.7549 04459 293 0.7307 05868 43 27 41
2 0.7549 04459 293 0.7331 0.5744 44
3 0.7550 04458 293 0.7293 0.5858 43

5 1 0.6806 0.5090 202 0.5623 0.7204 21 26 42
2 0.6798 0.5096 202 0.5738 0.7143 22
3 0.6803 0.5092 202 0.5637 0.7185 21

6 1 0.6692 0.5180 192 0.3647 0.8300 9 25 43
2 0.6680 0.5190 191 0.3722 0.8282 9
3 0.6697 0.5177 193 0.3663 0.8297 9

7 1 0.5678 0.5922 125 0.3870 0.8262 10 23 45
2 0.5675 0.5923 125 0.3884 0.8254 10
3 0.5672 0.5925 125 0.3900 0.8259 10

8 1 0.5627 0.5956 122 0.3985 0.8194 11 21 47
2 0.5625 0.5958 122 0.3884 0.8242 10
3 0.5622 0.5959 122 0.3868 0.8252 10

9 1 0.5265 0.6198 106 0.4749 0.7932 14 19 49
2 0.5260 0.6201 105 0.4626 0.7964 14 19 49
3 0.5272 0.6193 106 0.4803 0.7887 15 19 49

The r, s, and F are correlation coefficient, standard error, and Fisher F-ratio,
respectively. A and B are the numbers of active and blocked SMILES invariants.
Values in italic show the probes with highest statistical results on the test set.
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Table 5 Table 5 (continued)
SMILES invariants, their correlation weights (CWs) on three probes of the

A . A . SMILES invariant CW of CW of CW of Number in

Monte Ce\arlo method optlrplsatlop,.anq numbers qf each invariant in the train- probe 1 probe 2 probe 3 the training set
ing set after placing 4-aminopyridine in the training set

- - - &01000000110 1.0000000  1.0000000  1.0000000 3
SMILES invariant  CWof — CWof — CWof  Number in &01000000100 10000000 1.0000000 1.0000000 3

probe 1 probe2  probe3  the training set  g41000000000  1.0000000 1.0000000 1.0000000 1

S 1.0000000  1.0000000  1.0000000 2 &00010000100 1.0000000  1.0000000  1.0000000 1
n 0.6817288 0.6834998 0.6785327 39 &00010000010 1.0000000  1.0000000  1.0000000 1
c 1.0213201 1.0221599 1.0191011 453 &00001000000 1.0000000  1.0000000  1.0000000 1
[Sn] 1.0000000  1.0000000  1.0000000 1 &00000000100 1.0000000  1.0000000  1.0000000 1
(0-] 1.3786927  1.1801161  1.3190622 15 These models were calculated with LimNI = 4.
[N+] 1.2786259  1.4463949 1.3162764 15
S 0.7156466  0.7084136  0.7102967 34
P 1.0000000  1.0000000  1.0000000 2
S=P 2.8452106  2.9350326 2.8273511 15
(0] 1.1059642  1.0970368 1.1060669 127 Table 6
N 0.8827022  0.8854786  0.8850513 83 Building the model with 97 pesticides of the original training set (sub-training)
0=S 1.0000000  1.0000000  1.0000000 4 - > >
0=P 31127833 32136494 3.1384764 6 LimNI - Probe 7 s L s F A B
N=N 1.0000000  1.0000000  1.0000000 1 no.
N=C 1.4756552  1.4449662  1.4849830 11 4-Aminopyridine in sub-test set (sub-training set, n = 81, sub-test set,
N#C 1.0000000  1.0000000  1.0000000 4 n=16)
F 1.0708643 1.0711587 1.0682364 58 0 1 0.8553 0.3298 467 0.2233 1.0042 4 63 O
Cl 1.0462934  1.0481633  1.0483499 91 2 0.8544 0.3308 463 0.2242 1.0020 4
Br 2.2791875 2.2753308 2.2966113 7 3 0.8546 03306 464 0.1995 1.0199 3
C 1.0689522  1.0672434 1.0670763 510 1 1 0.8132 03746 344 0.3859 09454 9 41 22
C=0 0.6278263  0.6445596  0.6348883 33 2 0.8118 0.3760 341 0.3806 0.9466 9
C=C 0.8387036  0.8335769  0.8425620 8 3 0.8121 0.3757 341 0.3711 09515 8
= 0.8694662 0.8879379 0.8715332 15 2 1 0.7754 0.4108 273 0.4692 0.8182 12 32 31
C#C 1.0000000  1.0000000  1.0000000 2 2 0.7752 0.4110 272 0.4610 0.8232 12
= 0.4007385 0.4116357  0.4025736 39 3 0.7745 0.4117 271 0.4536 0.8299 12
3 1.0000000  1.0000000  1.0000000 4 3 1 0.7677 04178 261 04977 0.8278 14 30 33
2 1.3917071  1.4009532 1.4030514 24 2 0.7671 04184 260 0.5074 0.8308 14
1 0.9212871  0.9224296  0.9234200 210 3 0.7664 04189 259 04859 08411 13
( 1.0202330  1.0201048 1.0217884 782 4 1 0.7327 0.4481 217 0.3826 0.8871 9 26 37
&11110000111 1.0000000  1.0000000  1.0000000 2 0.7333 0.4476 217 0.3825 0.8868 9
&11110000110 1.0000000  1.0000000  1.0000000 3 0.7333 0.4476 217 0.3789 0.8925 9
&11101000110 1.0000000  1.0000000  1.0000000 5 1 0.7323 0.4485 216 0.3822 0.8942 9 25 38
&11100010110 1.0000000  1.0000000  1.0000000 2 0.7334 0.4476 217 0.3815 0.8861 9
&11011000110 1.0000000  1.0000000  1.0000000 3 0.7333 0.4477 217 0.3788 0.8933 9
&11010011110 1.0000000  1.0000000  1.0000000 6 1 0.7236 0.4558 207 0.2953 09521 6 24 39
&11010010110 1.0000000  1.0000000  1.0000000 2 0.7239 0.4555 207 0.2728 09763 5
&11010010100 1.0000000  1.0000000  1.0000000 3 0.7238 0.4556 207 0.2831 09643 6
&11010000110 1.2272290 1.1831653  1.2070024 1 7 1 0.6019 0.5469 119 0.2836 09454 6 21 42
&11010000111 1.0000000  1.0000000  1.0000000 2 0.6022 0.5467 120 0.2821 09466 6
&11010000100 1.0000000  1.0000000  1.0000000 3 0.6020 0.5469 119 0.2760 09503 5
&11001000111 1.0000000  1.0000000  1.0000000 8 1 0.5506 0.5811 97 0.3044 1.0101 6 17 46
&11000011110 2.2741796  2.2378620  2.3221629 2 0.5521 0.5801 97 0.3022 1.0140 6
&11000010110 7.0560330  7.1222910  7.1294787 3 0.5548 0.5784 98 0.3032 1.0052 6
&11000010100 1.0000000  1.0000000  1.0000000 9 1 0.5543 0.5787 98 0.3057 1.0001 6 17 46
&11000000110 3.1030328  3.0904822  3.1032532 2 0.5553 0.5780 99 0.3080 0.9839 6
&11000000100 1.0000000  1.0000000  1.0000000 3 0.5517 0.5804 97 0.3033 1.0190 6

&10100010110 1.0000000  1.0000000  1.0000000

&10010011110 10000000 1.0000000  1.0000000 4-Aminopyridine in sub-training set (sub-training set, n = 82, sub-test, set

— m e, m, N R, NN~ 00W IR, —~, NN O, N0 —~, N~ = =N~ =N~ N~

n=15)
&10010010110 1.0000000  1.0000000  1.0000000
0 1 0.8557 0.3292 475 0.2725 09615 5 64 0
&10010001110 1.0000000  1.0000000  1.0000000
2 0.8567 0.3281 478 0.3234 09337 6
& 10010000110 0.9272841  0.9205979 0.9314774
3 0.8572 0.3275 480 0.2728 0.9669 5
&10010000100 1.0000000  1.0000000  1.0000000
1 1 0.7853 0.4016 293 0.4295 0.8970 10 41 23
& 10000011110 1.8907275 1.9085158  1.9770637
2 0.7854 0.4015 293 0.4148 09059 9
& 10000000111 1.0000000  1.0000000  1.0000000
3 0.7842 0.4026 291 0.4064 0.9108 9
& 10000000110 1.0000000  1.0000000  1.0000000
2 1 0.7455 0.4372 234 0.5076 0.7766 13 32 32
&01100000110 1.0000000  1.0000000  1.0000000
2 0.7455 0.4372 234 0.5137 0.7721 14
&01010000110 1.0000000  1.0000000  1.0000000
3 0.7443 0.4382 233 0.5178 0.7702 14
&01010000101 1.0000000  1.0000000  1.0000000
3 1 0.7344 04466 221 0.5875 0.7676 19 30 34
&01010000100 1.0000000  1.0000000  1.0000000
2 0.7344 04466 221 05810 0.7717 18
&01000010100 1.0000000  1.0000000  1.0000000 3 07336 04473 220 0.5657 07850 17
&01000010011 1.0000000  1.0000000  1.0000000

(continued on next page)
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Table 6 (continued)

LimNI Probe ° s F P s F A B
no.

4 1 0.7005 0.4743 187 0.4547 0.8303 11 26 38
2 0.7000 0.4747 187 0.4500 0.8349 11
3 0.7003 0.4744 187 0.4546 0.8292 11

5 1 0.7005 0.4743 187 0.4498 0.8327 11 25 39
2 0.7003 0.4745 187 0.4514 0.8319 11
3 0.7001 0.4746 187 0.4477 0.8328 11

6 1 0.6912 0.4816 179 0.3382 09081 7 24 40
2 0.6919 0.4810 180 0.3238 09236 6
3 0.6909 0.4819 179 0.3345 09126 7

7 1 0.5751 0.5649 108 0.3296 0.9069 6 21 43
2 0.5752 0.5648 108 0.3140 09175 6
3 0.5752 0.5649 108 0.3033 0.9276 6

8 1 0.5334 0.5920 91 0.3666 09101 8 17 47
2 0.5297 0.5944 90 0.3657 09224 7
3 0.5293 0.5946 90 0.3668 0.9274 8

9 1 0.5303 0.5939 90 0.3700 09213 8 17 47
2 0.5306 0.5938 90 0.3658 0.9246 7
3 0.5291 0.5947 90 0.3640 09292 7

Values in italic show the probes with highest statistical results on the test set.

set is a function of LimNI. The best model (for the test set)
was with LimNI = 4. The number of active invariants (A), in
the model and the number of blocked SMILES invariants
(B) for each LimNI are shown in Table 2. The correlation
weights with LimNI =4 are presented in Table 3. As men-
tioned, if an invariant occurs for less than four times, it is
blocked, so the related CW equals to 1.

4-Aminopyridine is an influential outlier in the training and
test sets. Probably, the features of 4-aminopyridine, that cause
extraordinary toxicity are geometrical and quantum chemical
ones. For instance, a high level of symmetry and an extremely
compact arrangement of atoms can cause ‘specific’ toxicity. If
this compound is placed in the training set, the statistical char-
acteristics of the OCWLGI models for the test set improve.
The statistical characteristics of OCWLGI models in this
case are presented in Table 4. The results obtained for quail

0,9
0,8 0\

—e
0.7 A\

NN

0,5 .\\l/

0,3

Determination coefficient

0,2

0,1

0
0 1 2 3 4 5 6 7 8 9

LimNI

Fig. 1. Determination coefficients of the training and test sets (after placing
4-aminopyridine in the training set) for different LimNI values. Rhombus
corresponds to the training set and the square corresponds to the test set.
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Fig. 2. Determination coefficients of the sub-training and the sub-test sets (4-
aminopyridine in the sub-test set) for different LimNI values. Rhombus corre-
sponds to the training set and the square corresponds to the test set.

are quite good, considering the wide diversity of the chemical
compounds studied, which include many different chemical
structures and presence of functional groups. The compounds
we studied, pesticides, are typically active compounds, and for
their diversity they act through a series of different toxic
mechanisms. A recent report on QSAR and pesticides [16] re-
ported that some values were obtained in the case of aquatic
toxicity of pesticides. 7* was 0.36 for fish and 0.28 for Daph-
nia, using some simple models. In the case of fish toxicity of
a heterogeneous set of compounds (including some pesticides)
the % was lower than 0.7 [17].

Correlation weights for this model are presented in Table 5.
Fig. 1 gives a diagram of correlations for the training and test
sets, for different LimNI.
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Fig. 3. Determination coefficients of the sub-training and the sub-test sets
(4-aminopyridine in the sub-training set) for different LimNI values. Rhombus
corresponds to the training set and the square corresponds to the test set.
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Table 7

Training and test sets of pesticides after placing 4-aminopyridine in the training set

No SMILES (training set, n=97) DCW Expr. Calc.

1 Nclcenecel 0.56758 0.79764 —0.68627
2 O=CIN(C(=0)C(NICI)(C)C)Cl 0.34259 —0.93973 —0.75196
3 CIC=CCCl 0.98146 —0.13664 —0.56541
4 O=C(N(clc(cccc1CC)CC)COC)CCl 1.36345 —0.74476 —0.45387
5 O=C(ON=CC(SC)(C)C)NC 7.18831 1.97841 1.24699
6 CSclnc(ne(nl)NC(C)C)NCC 0.26877 —0.99543 —0.77352
7 CN(C=Nclcce(cc1C)C)C=Nclc(cc(cel)C)C 2.92209 —0.42899 0.00125
8 CleInc(ne(nl)NC(C)C)NCC 0.36760 —0.63924 —0.74466
9 O=C(Oclcccc2c10C(02)(C)C)NC 6.39072 1.07004 1.01409
10 O=P(SCCS(=0)CC)(0C)OC 2.48579 —0.96068 —0.12615
11 S=P(OC(C(CI)(CDHCDHCH(OCC)OCC 8.40804 1.07919 1.60315
12 N=C(NC(=N)NCCCCCCNC(=N)NC(=N)Nclccc(cc1)CI)Nclcecc(cc1)Cl 0.74288 —0.50758 —0.63508
13 S=P(Oclnc(c(cc1Cl)CHCH(OCC)OCC 4.34447 1.03966 0.41659
14 C#CCOC(=0)C(Oclcce(ecl)OcIncc(cc1F)CHC 0.57660 —0.61909 —0.68363
15 O=CIN(OCCI1(C)C)CclccccclCl 0.97300 —1.01997 —0.56788
16 O[Sn](C1CCCCC1)(C1CCCCCl)C1CCCCCl 2.43309 0.10860 —0.14154
17 N#Cclc(ceec1CI)CI 1.09766 —0.59887 —0.53148
18 O=C(C(Oclccc(cclCHCHC)O 0.96764 —0.17781 —0.56945
19 O=P(OC=C(CI)CI)(OC)OC 4.98196 1.39987 0.60273
20 [O—][N+](=O0)clcc(c(c(c1)CIN)C1 0.94727 —0.63823 —0.57540
21 Clel(c(c(c(c ICHCHCHChel(c(c(c(c1CHCHCHCHCI 1.92719 —0.17186 —0.28926
22 O=C(N(clc(scc1C)C)C(COC)C)CCl 1.10864 —0.58793 —0.52828
23 N=C(NCCCCCCCCCCCC)N 2.66386 —0.38030 —0.07415
24 CIC=CCNI12CN3CN(C1)CN(C2)C3 1.51325 —0.75841 —0.41013
25 S=P(SCSP(=S)(0OCC)OCC)(0OCC)OCC 5.48625 0.47840 0.74999
26 O=C1C(=NN(c2ccc(cc2)C])C(=C1)C)C(=0)0 0.66957 —1.17287 —0.65649
27 S=P(Oclcc(c(ccl)SC)C)(OC)OC 7.68873 1.59335 1.39311
28 O=C(Oclcc(ccc])N=CN(C)C)NC 3.28710 0.79310 0.10783
29 FC(clcec(cc1)C=CC(=NN=CINCC(CNI1)(C)C)C=Cclccc(cc1)C(F)(F)F) 1.80248 —0.56778 —0.32568
30 O=CIN(C(=0)NC(C)C)CC(=O0O)Nlclcc(cc(c1)CHCI 0.14452 —0.44972 —0.80980
31 S=P(Oclc(ccecl)C(=0)OC(C)C)(NC(C)C)OCC 6.91219 1.59885 1.16636
32 O=S(=0)(C(C(C(C(C(C(C(C(F)(F)F)(F)F)(F)F)(F)F)(F)F)(F)F)(F) 4.97658 1.08095 0.60116
33 O=C(C(Oclc(cc(ccl)CNHC)C)O 1.02901 —0.51767 —0.55153
34 O=C(ON=C(SC)C)NC 6.04382 0.82634 0.91280
35 [O—][N+](=0)N=CIN(Cc2ccc(nc2)CI)CCN1 1.78913 0.22501 —0.32957
36 O=CIN(SC=Cl)CCCCCCCC 3.53489 —0.25518 0.18019
37 O=S(=0)(clcc(c(c(c])[N+](=0)[O—])N(CCC)CCC)[N+](=0)[O—]N 2.17718 —0.16516 —0.21626
38 [O—][N+](=O)clcce(cc)O 2.53022 —0.61779 —0.11318
39 S=P(Oclccc(cc)[N+](=0)[O—])(OC)OC 7.98927 1.54181 1.48087
40 Clcle(e(e(e(c10)CHCHCHCIL 1.56807 —0.37186 —0.39412
41 S=P(SCSCC)(0CC)OCC 5.82275 1.57058 0.84824
42 O=C(Nclcc(c(ccl)CHCHCC 0.92419 0.03544 —0.58214
43 S=P(Oclcnc(ncl)C(C)(C)C)(OC(C)C)OCC 8.70643 1.19550 1.69028
44 S=P(Oclccc(ccl)Sclece(cc1)OP(=S)(OC)OC)(OC)OC 6.75442 1.23111 1.12029
45 S=P(SCSC(C)(C)C)(OCC)OCC 7.20846 1.00375 1.25287
46 O=C(clc(nc(c(c1CC(C)C)C1=NCCS1)C(F)(F)F)C(F)F)OC 0.78667 —0.68356 —0.62229
47 O=P(SCCCC)(SCCCC)scccc 5.20200 0.31874 0.66698
48 Clclc(cee(e1)Cl)Oclece(ce10)Cl 1.46609 —0.45475 —0.42390
49 O=C(Oclcc(c(c(c1)C)C)C)NC 2.80783 —0.09041 —0.03211
50 OC(C(=Cclccc(cel)Chnlnencl)C(C)(C)C 0.65011 —0.69955 —0.66217
51 OCnlnc(cclC)C 0.59090 —0.77925 —0.67946
52 O=C(OC(C)C)COclc(cc(ccl)CNC 1.15088 —0.85376 —0.51594
53 O=C1C(=C(SS1)CNCl 0.32159 —0.12069 —0.75810
54 O=C(NNclcc(ccc10OC)clcecec1)OC(C)C 2.53681 —0.53599 —0.11125
55 CN(CCCCCCCCee)(ceeececcececo e 4.14662 0.22234 0.35881
56 O=C(clcnc(ccl)C(=0)OCCC)OCCC 1.10429 —0.73012 —0.52955
57 CIC(cInsc(n1)OCC)(CNClI 0.71798 —0.35454 —0.64235
58 [O—=][N+](=O0)clc(c(cc(c1NcIncc(cc 1CHC(F)(F)F)[N+](=0)[0—])C 0.76833 —0.58335 —0.62765
59 clc2c(cccl)ceec2 2.11302 —1.32193 —0.23500
60 Clclcec(cc1C)O 1.24026 —1.03343 —0.48984
61 S=P(Oc1nc(nc(c1)C)N(CC)CC)(OC)OC 6.46158 0.88278 1.03478
62 C#CCC1=C(C(OC(=0)C2C(C2C=C(C)C)(C)C)CC1=0)C 0.73617 —0.59081 —0.63704
63 O=C(N(SN(C(=0)ON=C(SC)C)C)C)ON=C(SC)C 2.73866 —0.75634 —0.05231
64 O=CIN(C(=0)NC(=O0)N1CIClI 0.10189 —0.90467 —0.82225

(continued on next page)
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Table 7 (continued)

No SMILES (training set, n=97) DCW Expr. Calc.

65 S=P(SCN1N=Nc2c(cccc2)C1=0)(0C)OC 5.50404 0.98304 0.75518
66 [O—][N+](=0)clcc(cc(cIN(c1c(cc(cc1Br)Br)Br)C)C(F)(F)F)[N+]( 9.73934 2.09912 1.99189
67 O=CIN(C(=0)C(N1Br)(C)C)Cl 0.60811 —0.64650 —0.67443
68 N#Cclce(c(c(c1)Br)OC(=0)CCCCCC)Br 4.15170 0.03497 0.36030
69 OC(clccce(ecl)Cl)(Cnlnencl)C(CICCIHC 0.49682 0.28901 —0.70693
70 S=P(Oclnc(nc(c1)C)C(C)C)(OCC)OCC 7.82498 1.76743 1.43289
71 O=C(clc(ccc(c10C)CHCHO 0.90523 0.01002 —0.58767
72 O=C(C(Oclccc(ccl)Ocle(ce(cc)CHCHC)OC 1.19392 —1.11044 —0.50338
73 O=S10CC2C(C3(C(C2(C(=C3CnCnHcncncncncol 5.31567 0.98626 0.70018
74 0O=C(C1C(C20C1CC2)C(=0)0)O0 1.00627 —0.42379 —0.55817
75 O=P(NC(C)C)(Oclcc(c(ccl)SC)C)OCC 10.26672 2.27790 2.14588
76 S=P(Oclcc(c(ccl)[N+](=0)[0—])C)(OC)OC 8.88923 1.06998 1.74366
77 [O—]IN+]1(=0)clc(c(cc(c1)C(F)(F)F)[N+](=0)[O—])N(CCCl)CCC 1.12077 —1.29398 —0.52474
78 0O=CI1C=C(ON1)C 1.50639 —1.17389 —0.41213
79 BrC 2.43634 0.11413 —0.14059
80 N1=CNc2c(ncnc12)NCclcceeel 0.56955 —0.85113 —0.68569
81 Clcle(cce(c1)CHC1(Cn2nenc2)OC(CO1)CCC 1.31189 —0.91667 —0.46893
82 O=S(=0)(C(C(C(C(C(C(C(C(F)(F)F)(F)F)(F)F)(F)F)(F)F)(F)F)(F) 4.53859 0.04623 0.47327
83 N#CSCSC1=Nc2ccccc2S1 0.59970 —0.44283 —0.67689
84 O=C(C(clccc(ccl)Cl)(clcee(ecl)CHO)OCC 1.07952 —0.27104 —0.53678
85 Nclnc(ne(nl)N)NCICCI1 0.22132 —1.03095 —0.78737
86 CN(CCCCCccCeecoy(ceecececcoe)ce 4.03770 1.01016 0.32701
87 0O=C(0OC10C(0C(C1HO)O)C 1.29645 —0.95893 —0.47344
88 [O=][N+](=0)clcc(cc(c10)C(CC)C)[N+](=0)[0—] 2.63184 0.77859 —0.08350
89 N#CC(clec(ceel)Ocleceecl)OC(=0)C(clecc(cec1)CHC(C)C 0.86981 0.04225 —0.59802
90 OCCNICN(CN(C1)CCco)cco 1.55911 —0.84075 —0.39674
91 O=C(C(Oclccc(cc1C)CHC)O 0.98860 —0.40544 —0.56333
92 O=C(N(clc(cccc1C)C)C(C(=0)0C)C)COC 1.69124 —0.54549 —0.35816
93 O=P(SC)(N)OC 6.12268 1.14536 0.93582
94 O=C(clc(cccclCl)Sclnc(cc(n1)OC)OC)O 0.35265 —0.66135 —0.74903
95 S=P(Oclccc(ccl)SC)(SCCC)OCC 5.46173 0.83642 0.74283
96 O=P(C(C(CI)(CDHC1O)(OC)0OC 7.69413 1.06043 1.39469
97 O=CIN(C(=0)N(C(=0)N1CDHCICI 0.11097 —0.85750 —0.81960
No SMILES (test set, n =18) DCW Expr. Calc.

1 S=P(OC(C)C)(OC(C)C)SCCNS(=0)(=0)clcccccl 1.19998 —0.54235 —-0.50161
2 O=C(Oclcccc2c10C(C2)(C)C)NC 6.17685 1.64251 0.95164
3 O=C1Sc2c(nc3c(n2)ccc(c3)C)S1 2.47375 0.07755 —0.12966
4 O=CI1C(C(=0)c2clcccc2)C(=0)C(clccc(ccl)Chcleccecl 0.27017 —0.12077 —0.77311
5 N#CC(C(=O)N)(Br)Br 2.36782 —0.16542 —0.16060
6 O=C(clcc(cccl)C)N(CC)CC 2.60729 —0.85659 —0.09067
7 Clclccee(cel)Cl 1.09766 —1.03897 —0.53148
8 O=C(N(clcccecl)C(C)C)CCl1 1.00931 0.38126 —0.55728
9 O=C(NCCCC)OCCH#CI (7 0.89040 —0.42561 —0.59200
10 O=S1(=0)N(C(=0)c2c(cccc2)N1)C(C)C 2.62782 —0.64982 —0.08468
11 OCNCCO () 1.31878 —1.28164 —0.46692
12 S=P(Oclcc2c(cc1)C(=C(C(=0)02)CI)C)(OCC)OCC 6.27714 2.18674 0.98092
13 O=CIN(C(=NC(=O0)NI1CICCCCCI)N(O)C)C 0.72563 —0.95035 —0.64012
14 O=C(Oclcc(c(c(c1)C)SC)C)NC 4.56923 1.06058 0.48222
15 O=C(C(Oclccce(c1)CHC)O 0.924383 —0.77172 —0.58195
16 S=P(SCCSCC)(OCC)OCC 6.22424 1.35928 0.96548
17 O=C(COclc(cc(ccl)CHC)O 0.92483 —0.27395 —0.58195
18 O=S(=0)(clccc(ccl)CCCCCCCCCCCC)O (?) 1.07166 —0.59009 —0.53908

DCW values calculated with CW from Table 6 (LimNI =4, probe 1), experimental and calculated with Eq. (4) log(1/C) values. SMILES, which has invariant

absent in the training set, are marked by ‘?’.

We tried to estimate the possibility of defining the LimNI
for external substances. We separated compounds of the train-
ing set into sub-training and sub-test sets and examined two
situations. First, 4-aminopyridine was placed in the sub-test
set, and second, the compound was placed in the sub-training
set. Results strongly depend on the position of 4-aminopyri-
dine and the best models for the sub-test set are achieved
with LimNi =3 (see Table 6, Figs. 1—3).

Besides 4-aminopyridine, three compounds of the test set
contain SMILES invariants that are absent in the training
set. Correlation weights of these SMILES invariants were,
also blocked, so they equal 1.0. These compounds are marked
by ‘?” in Table 7. Predicted toxicity values for these com-
pounds are satisfactory.

Statistical characteristics of the models (after placing
4-aminopyridine in the training set) with different LimNI are



A.A. Toropov, E. Benfenati | European Journal of Medicinal Chemistry 42 (2007) 606—613 613

Table 8
Calculation of the DCW for 4-aminopyridine with CWs of the first OCWLGI
probe, LimNI =4 (Table 6)

No. SMILES invariant Correlation weight
1 0.88270
2 c 1.02132
3 1 0.92129
4 c 1.02132
5 c 1.02132
6 n 0.68173
7 c 1.02132
8 c 1.02132
9 1 0.92129
10 &01000000000 1.00000
DCW(Nclceneel )= 0.56758

listed in Table 4. These characteristics are more or less similar
for all probes of the Monte Carlo method optimisation on each
LimNI value. Table 4 also shows that the correlation coeffi-
cients between toxicity and the optimal SMILES-based de-
scriptors are related to the LimNI for both training and test
sets. Fig. 1 gives a general view of the influence of LimNI.
Comparing Table 4 and Fig. 1, one can conclude that the
best statistical characteristics of the models on the test set
are for LimNI = 4. In other words, the difference between
LimNI values in the original training and test sets, and also
for the sub-training and sub-test sets, is not large.

The correlation weights obtained by placing 4-aminopyri-
dine in the training set with LimNI =4 are listed in Table 5.
Table 7 shows experimental and calculated toxicity values
with correlation weights from Table 5 for the formula.

Log(1/C) = —0.852 4 0.292DCW (4)

The calculation of the DCW for 4-aminopyridine is given in
Table 8.

Even blocking a considerable part of the global SMILES
invariants and their use in this approach gives a reasonable im-
provement of the models for both the training and test sets.
The list of the global SMILES invariants active in these
models provides useful information when searching a mecha-
nistic interpretation of the toxic action. Furthermore, it is prob-
able that, for the given pesticides and this endpoint, local
invariants with correlation weights > 1 are promoters of in-
creased toxicity and invariants with correlation weights < 1
are promoters of decreased toxicity. This too can be useful
in the search for a mechanistic interpretation of the toxicity.
For instance, Tables 2 and 4 both show that the presence of
groups such as P=S and P=0 is related to toxicity. This is
reasonable considering the high toxicity of organophosphates
and their sulfurated analogs. The presence of chlorine and bro-
mine is also related to greater toxicity. Since, frequent
SMILES invariants increase the model reliability, they can
be used to characterize the applicability domain of the model.

It is to be noted that there are publications on using the
SMILES in QSPR/QSAR analyses [18,19].

Toxicity endpoints phenomena are effected by numerous
factors. Partially these factors are defined by molecular

structure and reactions of living organisms. Under such
circumstances, high statistical quality of toxicity models is
possible only for QSAR of series of compounds with similar
structure (limited number of functional groups). Taking into
account these circumstances and the variety of examined pes-
ticides (many different functional groups), the statistical char-
acteristics of our model of toxicity towards oral quail are good.

4. Conclusions

SMILES invariants can be useful for developing QSAR
models for pesticide toxicity in different cases. Good results
were obtained for toxicity of pesticides towards the quail
(oral exposure). If a SMILES invariant is poorly represented
in the training set it is better not to use it in the model. The
occurrence of known SMILES invariants can be used to char-
acterize the applicability domain of the model. In the specific
case of quail toxicity, in view of the relatively small number of
pesticides, a specific compound may have substantial effect on
the results, simply depending upon whether this compound is
in the training or the test set.
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